This paper examines the use of Fuzzy Cognitive Maps (FCMs) as a technique for modeling realworld problems and supporting the decision-making process. More specifically, it focuses on handling the limit cycle phenomenon and proposing an improvement in the decision-making process.
A recent enhancement of the classic FCM combines FCMs with Genetic Algorithms to facilitate the study of hypothetical scenaria describing the real-world problem under study and provide new and more powerful means for decision-making. The most important difference between the Genetically Evolved Fuzzy Cognitive Map (GEFCM) and the simple FCM model lies with the recalculation of all weights involved in the simulation process. The importance of GEFCMs to decision-makers is underlined by the fact that the domain experts will not base their decision only on the experts' evaluation, but also on the optimal weights that lead a concept to be activated to a certain predefined degree. Thus, decision-makers are able to introduce hypothetical cases in the model which can expressed as a target activation level for a certain concept and consider the corresponding weights and activation levels for the rest of the concepts, which are thus compatible with the predetermined target activation level, Once the system reaches equilibrium, the decisionmakers use this information in order to make decisions leading to the desired simulated solution. In cases, however, in which the system reaches limit cycle decision-making is practically impossible. Once in a simple FCM environment, one approach to overcome this problem is to revert to the experts' contribution once again, asking them to estimate the exogenous disturbance which influences one or more concepts, thus causing the instability of the system. When a GEFCM is used, though, domain experts are not able to help since the weight recalculation is performed with the involvement of Genetic Algorithms (GAS), thus creating a hybrid model. This paper proposes an extension of Genetically Evolved Fuzzy Cognitive Maps (GEFCMs) aiming at increasing their reliability by overcoming its weakness appearing in cases of a limit cycle behavior. process begins. For a certain activation level the process calculates the Maximum, Minimum and Mean values of the limit cycle using a specific number T of subsequent activation level values, where N'ITIN and N ' is the number of iterations indicating the time-required for the activation level to stabilize its oscillation. The Mean value, considered as the smoothened value of the limit cycle, will then be used as a possible reliable input for inference purposes by the defuzzification process.
The proposed defuzzification process for a certain activation level under limit cycle consists of two basic steps:
Step 1. The first step involves classifying the activation level with respect to its Minimurn and Maximum values as "BOUNDED LIMIT CYCLE", or "UNBOUNDED LIMIT CYCLE -POSSIBLE CHAOS". Since the range of values for the activation levels in our case is [-1, 11 the Baseline Size of the interval is 2. Using the Minimum and Maximum values, we take the difference D@=(Maximum-Minimum) and calculate the percentage of this value with respect to the baseline size. I f Diffis lower or equal to the 75% of the Baseline Size then the oscillation of the activation level is characterized as "BOUNDED LIMIT CYCLE" and inference is possible through thc Mean value of step 2: The Mean Value is matched to the appropriate fuzzy interval and defuzzified. Otherwise, (DzJE-O,75*Baseline Size) the oscillation is characterized as "UNBOUNDED LIMIT CYCLE -POSSIBLE CHAOS". In this case the oscillation spans all the available space in the range [Minimum, Maximum] and thus the Mean value cannot be matched to a single fuzzy interval with confidence. Therefore, inference is not possible due to the low degree of reliability of the resulting Mean value.
Step 2. This step is followed only in the case of a "BOUNDED LIMIT CYCLE". The Mean value of the specific activation level presenting limit cycle is matched with a certain fuzzy set interval according to the analysis given for the specific concept. There are two possibilities here: (i) Either the Mean value falls in one interval only, and thus the confidence level of belonging to this fuzzy set is loo%, or, (ii) The Mean value falls between two overlapping fuzzy intervals, thus having two confidence levels, one for each interval. In this case, the confidence levels are calculated as the value of the membership function of the Mean value for each of the overlapping fuzzy intervals. The interval chosen for inference purposes is the one for which the Mean value has the highest membership value, or, equivalently, the highest confidence level.
